Abstract To resolve the spatial variation in soil properties intensively is expensive, but such knowledge is essential to manage the soil better and to achieve greater economic and environmental benefits. The objective of this study was to determine whether the soil apparent electrical conductivity (EC a ), alone or combined with other variables, is a useful alternative for providing detailed information on the soil in the Extremadura region of Spain. Apparent soil electrical conductivity was measured and geographically weighted regression was used to characterize the spatial variation in soil properties, which in turn can be used for soil management. This study shows that soil cation exchange capacity, calcium content, clay percentage and pH have a relatively strong spatial correlation with EC a in the soil of the study area.
Introduction
Traditional soil sampling is costly and labor-intensive; nevertheless accurate knowledge of the soil's properties makes it possible to manage the soil better and to achieve greater economic and environmental benefits. Many soil samples are required to represent the spatial variation in soil properties, and consequently the traditional approach is not viable for determining within-field variability. It is known that the soil plays a crucial role in management, e.g. irrigation, fertilizer application, herbicide and pesticide application, and so on.
To characterize within-field variability of edaphic properties, measurement of the soil's apparent electrical conductivity (EC a ) is one of the most reliable techniques (Corwin and Lesch 2003) . Spatial measurements of EC a have great potential for providing spatial information that could optimize soil sampling to characterize the spatial variation in soil properties.
Soil electrical conductivity (EC) is a measure of the soil's ability to conduct an electric current (McNeill 1992) . It is affected by a combination of physico-chemical properties, including soluble salts, clay content and mineralogy, soil water content, bulk density, organic matter and soil temperature. Consequently, measurements of EC have been used at the field scale to map the spatial variation of several edaphic properties such as soil salinity, clay content or depth to clay-rich layers, soil water content, the depth of flood deposited sands and organic matter (Corwin and Lesch 2005a) . Since its early use to measure soil salinity, the agricultural application of EC has evolved into a widely accepted means of establishing the spatial variation of several soil physico-chemical properties that affect the soil's apparent electrical conductivity, EC a . The measurement of soil EC a is a rapid, reliable and accessible method, and its values are often, but not always, related to crop yield. For these reasons, its measurement is among the most frequently used tools for spatio-temporal characterization of edaphic and anthropogenic soil properties (Corwin and Lesch 2005a) .
Soil apparent electrical conductivity (EC a ) is the depth-weighted average of the bulk soil electrical conductivity (Cook and Walker 1992) . In other words, it is the average electrical conductivity integrated over different depths of soil; the depth depends on the instrument being used. There are currently two types of electrical conductivity sensor that are used to measure EC a in the field: non-contact (electromagnetic induction) sensors and those using the direct contact method (electrical resistivity).
Soil EC a alone can be used to classify the soil into broad categories with over 85% accuracy, and when combined with crop yield data the accuracy of classification increased to over 90% (Anderson-Cook et al. 2002) .
Although electromagnetic induction is an easy and efficient way to measure soil EC a (Corwin and Lesch 2003) , some ground-truthing is required to be able to interpret the data recorded accurately (Davis 2007) . In this case, the direct contact method has some advantages over those based on electromagnetic induction when working at the field scale because there is no need for re-calibration of the sensor due to changes in air temperature or instrument drift and there is virtually no possibility of ambient electrical interference with the direct contact method. However, the coulter-electrodes from the direct contact method need to penetrate the soil to a few centimeters and this can be a disadvantage for soil surveys of stony soils, typically found in the Mediterranean regions. Furthermore, survey by the direct contact method should be done either prior to tillage or when the field has been uniformly tilled. Corwin and Lesch (2005b) ). Cation exchange capacity (CEC) was less positively correlated with EC a , but still significant at the p B 0.05 level. Sudduth et al. (2005) demonstrated that correlations of EC a with clay content and CEC were generally stronger and more persistent across all fields tested. Other soil properties, such as soil moisture, silt, sand and organic C were strongly related to EC a in some study fields but not in others. Regressions estimating clay and CEC as a function of EC a across all study fields were reasonably accurate (R 2 C 0.55). Thus, it may be feasible to establish relationships between EC a and clay and CEC that would be applicable across a wide range of soil and climatic conditions.
When establishing statistical relationships in a multivariate dataset we have to be aware of the differences between spatial and aspatial data. Spatial data contain information on both attributes and location, whereas aspatial data contain only attribute information. These differences are important because any statistical technique developed for aspatial data is not valid for spatial data.
Geographically weighted regression (GWR) is an alternative to conventional regression because it provides a local analysis of relationships in multivariate datasets (Brunsdon et al. 2002) . One advantage of GWR is that it is based on the traditional regression framework with which most researchers and readers are familiar. Another advantage is that it incorporates local spatial relationships into the regression framework in an intuitive and explicit manner.
The main objective of this study was to determine whether soil EC a alone or combined with other variables is a useful alternative for providing detailed information on the soils of the Extremadura region of Spain.
Materials and methods

Study area and soil sampling
The field research was conducted at a farm called Cerro del Amo (38°58 0 14 00 N, 6°33 0 394 00 W, 225 m.a.s.l, Datum WGS84) near to Montijo, 37 km East of Badajoz (southwestern Spain). The area of the study site is approximately 33 ha. The topography of this region is undulating with gentle hills in the South of the field (Fig. 1a) . The altitude varies from 276 to 300 m, and the slopes vary from 0 to 15% and have a North to northeast aspect. Limestones predominate over intrusive acidic rocks in the substrate. According to the USDA-NRCS Soil Taxonomy System (2006), the soil is classified as Rhodoxeralf type (Order: Alfisols; Suborder: Xeralfs; Great Group: Rhodoxeralf (USDA-NRCS 2006)). The field was planted with rape (Brassica napus L.) at the time of the study.
The climate of this area is typical of the Mediterranean. Mean annual precipitation is less than 500 mm; there is a dry season from June to September and a wet season from October to May (80% of the precipitation occurs during this period). Winters are mild, with minimum temperatures that are rarely below 0°C, and summers are hot with maximum temperatures that occasionally exceed 40°C.
Soil sampling was carried out before planting in November 2008. A stratified random sampling scheme (Burrough and McDonnell 1998) was used to take 70 soil samples from the topsoil (0-20 cm). The coordinates of each sampling site were determined with millimetre precision using a Maxor-GGDT differentially corrected global positioning system (Javad Navigation Systems, San Jose, CA, USA).
Mobile electrical conductivity measurements
The EC a survey was conducted in February 2009 with a 3100 Veris soil electrical conductivity sensor (Veris Technologies Inc., Salina, KS, USA). The Veris cart was attached to a tractor and was pulled over the field. One pair of coulter-electrodes (rotating discs) injected a current into the soil while the other coulter-electrodes measured the voltage drop using a Wenner array. It is known that smaller soil particles (clay size particles) conduct more current than larger ones (e.g. silty or sandy particle sizes). The system of six rotating discs is set up to switch between two configurations: A (shallow) and B (deep). Configuration A uses the four inner discs and the voltage is measured between the two innermost discs. In Configuration B, the four outer discs are used and the voltage is measured between the two innermost discs of these four. Thus, the Veris 3100 generates two sets of data: topsoil data, weighted depth readings, from 0 to 30 cm (EC a-30 ) and deep data from 0 to 90 cm (EC a-90 ). The EC a measurements were recorded along parallel transects approximately 12-m apart; the final database contained 9269 georeferenced values of both EC a-30 and EC a-90 .
Soil sample analyses
The soil samples were air-dried and analyzed for particle size distribution on the \2 mm fraction by gravitational sedimentation using the Robinson pipette method (Soil Conservation Service 1972). The fine fraction was also analyzed for pH in a 1:2.5 (soil:water) suspension and electrical conductivity (EC) measured in a 1:5 (soil:water) suspension using the electrometric method (Chapman 1965) . Organic matter (OM) was determined by dichromate oxidation (Walkley and Black 1934) , CEC was measured using the neutral ammonium acetate method and total nitrogen (TN) was obtained through the Kjeldahl method (Bremner 1960) . Extractable potassium (K 2 O), phosphorous (P 2 O 5 ) and calcium (Ca) were determined using the ICP (inductively coupled plasma) method (Isaac and Johnson 1983) .
Geographically weighted regression and statistical analysis
Geographically weighted regression (GWR) is a technique for exploratory spatial data analysis. In 'conventional' regression, it is assumed that the relationship being modeled holds globally in the study area, but in many situations this is not necessarily true. Many solutions have been proposed for dealing with spatial variation in a relationship. The GWR provides the means for modeling such relationships (Brunsdon et al. 2002) . A 'conventional' regression model with one predictor variable can be written as Eq. 1, where y is the dependent variable, x 1 is the independent variable, a and b are the coefficients to be estimated and e is a random error term assumed to be normally distributed. The assumption is that a and b are constant across the study area and if this is not true the results are erroneous (Brunsdon et al. 2002) .
When a and b are not constant across the study area, the model can be rewritten as Eq. 2 where m and p are the coordinates of the sampling position. This relation can be fitted by least squares to give an estimate of the model parameters at the sampling location m, p and a predicted value. This is achieved by implementing the geographical weighting scheme, which is based on the concept that data closer to m, p are given more weight in the model than the data further away (Brunsdon et al. 2002) .
All the data were standardized according to Eq. 3 because the variables are measured on scales.
where s i is the value of the standardized variable at position i, x i is the variable value at position i, " x is the mean of all sampled positions for the variable and r is the standard deviation for all i.
The first step was an ordinary least squares (OLS) analysis among different variables and EC a to understand the degrees of association among them. One of the main reasons for using OLS is because it provides valuable diagnostic information that indicates whether the explanatory variables are significant, whether the residuals are normally distributed and ultimately whether a good model is being used. However, it is sometimes difficult to find an OLS model that fits well because a single global model is not suitable for the entire study area. It is possible that one set of variables provides a good model for part of the study area, but is unsatisfactory for other parts. To determine whether this is the case, several small sample areas within the broader study area can be selected to establish if the explanatory variables for each sub-area change. Alternatively, one can map the local R 2 results from GWR and select areas where this method performs well or poorly. These might be areas with different sets of explanatory variables. It can be useful to examine these areas individually using OLS. If there are good OLS models in several small study areas, this suggests that correlated variables have been found in the small study areas and that regional variation caused the global model to be poor. In this case, one can proceed with GWR and the full set of variables from the whole area because GWR will adjust the coefficients to reflect the regional variation. However, if a good OLS model is not obtained in any of the smaller areas it's possible that the key explanatory variables are too complex to be represented by OLS or GWR methodologies.
Ordinary least square (OLS) analysis was performed with the ARCGIS 9.3.1 OLS tool (ESRI 2009 ) and GWR analysis with the ARCGIS 9.3.1 GWR tool (ESRI 2009).
After point modelling soil properties with the GWR algorithm, a set of point estimates was obtained. To visualize the values, they were estimated on to a grid with a 5-m resolution for mapping. All maps were produced with the ArcMap/Spatial Analyst module of ArcGIS (version 9.3.1, ESRI Inc, Redlands, CA, USA) by (i) ordinary kriging with spherical variogram models for K 2 O, clay, CEC, EC a-30 , EC a-90 , pH, predicted CEC and R 2 , and a search radius that included 12 neighbouring values, (ii) interpolation with inverse squared distance weighting for P 2 O 5 and OM because their variograms were poor and (iii) a linear interpolation method (TIN with ArcMap/Spatial Analyst module of ArcGIS, version 9.3.1) for altitude because these data are dense and representative of the study site.
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General characterization
The soil in the experimental field is reasonably fertile, but the spatial variation of the soil properties analyzed is considerable. Figure 1b, , the K 2 O concentration varies between 0.5 and 2.1 cmol kg -1 and the organic matter percentage varies between 1 and 3%, respectively.
The variation in clay (Fig. 2a) is between 16 and 52%. Clay has a large impact on cation exchange capacity (CEC, Fig. 2b) , with a range of 4-43 cmol kg -1
. A visual examination of Fig. 2a and b indicates the strong spatial correlation between these two variables.
Soil apparent electrical conductivity Figure 2c and d shows the spatial variation in EC a-30 and EC a-90 , respectively, in the study area. These maps indicate that electrical conductivity increases with soil depth, but that this increase varies from area to area. In parts of the north and southwest of the site, the increase in EC a with depth is less than in other areas. The spatial variation in soil EC a is considerable for this particular field. We can identify two distinct zones: (i) the central and southeastern areas where the EC a has the highest values and (ii) northern and southwestern areas where the EC a values are the smallest. Visual inspection of Fig. 2b and c shows that EC a-30 and EC a-90 have similar spatial patterns to those of clay (Fig. 2a) and CEC (Fig. 2b) . The EC a seems to be a good indicator of clay and CEC content for this type of soil.
Geographically weighted regression Table 1 gives the results of the OLS analysis among the variables studied and EC a ; they indicate the degree of association among variables. The OLS adjusted R 2 of this study is large with some values of R 2 = 0.99. Although these variables are strongly related statistically, from a practical point of view some variables listed in Table 1 would be too expensive to measure simply to estimate soil CEC. Table 1 shows that of the 12 independent variables, 7 have a variance inflation factor (VIF) greater than 7.5 which indicates that there is a strong probability of their being redundant in relation to CEC (e.g. clay, silt, coarse sand, fine sand, calcium, EC a-30 , EC a-90 ). Although these variables are a somewhat redundant function of the dependent variable, they provide important information about the statistical association of these variables. Redundant variables usually have a large correlation coefficient between them and give the same type of information. This association among the variables suggests that variables that are easy and less costly to measure, such as EC a , can be used to estimate variables that are generally difficult or costly to measure such as CEC, clay, silt, fine sand, coarse sand and Ca. Table 2 gives the correlation coefficients from GWR among most of the variables analyzed (i.e. the independent variables) and with EC a-90 (i.e. the dependent variable).
The R 2 values for the site given in Table 2 show that EC a-90 is closely linked to CEC. It is also possible to obtain R 2 for particular parts of the site with GWR and these values can be mapped as in Fig. 3c . Furthermore, it is well known that CEC is also closely associated with soil cations such as calcium, magnesium, potassium and sodium, and with the type and amount of clay. Variables with a smaller geographic correlation with EC a-90 are organic matter, phosphorous, silt, total nitrogen, potassium and coarse sand, Table 2 . Precision Agric (2011) 12:750-761 757 Therefore, these results indicate that EC a-90 can be used to estimate the spatial variation in CEC, calcium concentration and clay content at this site for which the result from GWR is statistically significant. The point to point variation in the statistical parameters from a GWR analysis shows which areas have a stronger relation among the variables and EC a than others. To illustrate, the estimated CEC (Fig. 3b) with a site R 2 of 0.88 (Table 2) is visually close to the measured CEC (Fig. 2b) . Figure 3c shows that the coefficient of determination (R 2 ) from the GWR analysis between CEC and EC a-90 varies spatially. The R 2 values are smaller in the NW and SE of the study site and larger in the N and S. In the NW and SE of the site, variables other than EC a-90 might explain variation in the dependent variable. Differential application of fertilizers
The CEC in the soil of the study site can be estimated from EC a-90 as shown in Table 2 . The challenge is to obtain information relatively inexpensively on variables that are expensive to measure to improve the management of soil fertility and, consequently, of crop nutrition. Uniform fertilizer application does not promote economic, environmental and energy efficiency, therefore, better knowledge of the spatial variation of the soil is essential for more effective management. It seems logical that any fertilizer application strategy will have to consider the spatial variation in CEC and pH (Fig. 3a) to improve the effectiveness of its implementation. For example, the use of more acid fertilizers in areas with higher pH and larger amounts of fertilizer in areas with lower soil CEC could provide a decision making strategy for fertilizer application.
Conclusions
This study shows that soil cation exchange capacity, calcium content, clay percentage and pH have a reasonably strong spatial correlation with apparent electric conductivity (EC a ) of the soil. The use of geo-electric sensors in the particular type of soil of the study site can be promising for the nutritional management of crops. This will enable increased economic, environmental and energy efficiency. It will also make it possible to map the soil at the field scale with a low input of resources.
The GWR technique, because it takes into account the spatial dependence of variables, can be used to interpret the spatial variation in certain soil properties as well as their spatial correlation with other associated variables.
